Purpose. To test whether geographical, temporal, and modus operandi (MO) crime scene behaviours can be used to support behavioural case linkage (BCL) with crime series that contain several different types of offence.
Behavioural case linkage (BCL) is often used in the absence of physical trace material as a method for identifying linked crime series, thereby helping the police apprehend prolific serial offenders who are responsible for a disproportionate amount of crime and who impose significant costs on society (Piquero, Farrington, & Blumstein, 2007; Woodhams, Hollin, & Bull, 2007) . The ability to link crimes behaviourally relies upon offenders repeating certain elements of their crime scene behaviour from one offence to the next *Correspondence should be addressed to Matthew Tonkin, City North Campus, Perry Barr, Birmingham B42 2SU, UK (email: matthew.tonkin@bcu.ac.uk).
(behavioural consistency) and their behaviour being different from that of other offenders (behavioural distinctiveness) (e.g., . A number of studies have sought to test these theoretical assumptions of BCL, but the literature is limited by the lack of replication research, the fact that the data tested are not always an accurate reflection of the real-world context in which BCL would be used and that most of the research has only examined crime series that contain one type of crime (e.g., series that contain solely residential burglaries). The research reported in this study aimed to address each of these limitations, thereby strengthening the potential contribution that this literature can make to BCL theory and practice.
Behavioural consistency and distinctiveness in offending behaviour As mentioned above, researchers of BCL have suggested that the reliable and accurate linking of crime relies upon two theoretical assumptions: Behavioural consistency and distinctiveness (e.g., . These assumptions were originally proposed to explain non-criminal human behaviour; in particular, they have been applied to the study of personality (e.g., Mischel & Shoda, 1995; Mischel, Shoda, & Smith, 2004) . There is, however, a range of evidence to suggest that these assumptions might also apply to offending behaviour. For example, the existence of offending scripts that have the potential to generate behavioural consistency has been discussed in relation to a variety of offending behaviours, including burglary (e.g., Wright & Decker, 1994) , firesetting (Butler & Gannon, 2015) , sexual offending (Beauregard, Proulx, Rossmo, Leclerc, & Allaire, 2007; Ward & Hudson, 1998 , robbery (Cornish, 1994) , and carjacking (Topalli, Jacques, & Wright, 2015) .
In terms of behavioural distinctiveness, Bouhana, Johnson, and Porter (2016) highlight research that indicates a range of individual differences between offenders in terms of their perceptions of risk when selecting targets, their sensitivity to situational factors, the level of pre-offence planning they engage in, and the target characteristics that attract them to offend (Bennett & Wright, 1984; Nee & Meenaghan, 2006; Wright & Decker, 1994 , 1997 . These individual differences might allow for the emergence of distinctive offending behaviour that can be used to differentiate the crimes of one offender from those of another. Thus, there is a range of evidence to support the notion that some degree of consistency and distinctiveness might be expected in the behaviour of serial offenders.
It is important, however, to recognize that within this literature, many offenders do not report behaving in a consistent way from one crime to the next, with variation observed in a range of offence behaviours, including target selection, search behaviour, and items stolen (Nee & Meenaghan, 2006) . Likewise, many of the offenders have reported identical search patterns and stole very similar items during their offences (typically cash, jewellery, and documents) (e.g., Bennett & Wright, 1984; Nee & Meenaghan, 2006; Nee & Taylor, 2000; Taylor & Nee, 1988) . Consequently, there appears to be a degree of homogeneity in offender behaviour, which would make it difficult to accurately distinguish the crimes of one offender from those of a different offender (i.e., there may be a lack of behavioural distinctiveness).
This brief review indicates that a degree of consistency and distinctiveness may exist in offending behaviour, but we should also expect behavioural variation across a series of crimes and a certain amount of homogeneity amongst offenders in their offending behaviour. This raises the following question: Do serial offenders display enough behavioural consistency and distinctiveness to support the potential use of BCL in practice? A growing body of research has sought to address this question, and it is to this literature that we now turn.
Empirical tests of behavioural consistency, distinctiveness, and discrimination accuracy Approximately 30 empirical studies have been published in the last 15-20 years that seek to test whether sufficient offender behavioural consistency and distinctiveness exist to allow linked crimes to be distinguished from unlinked crimes (referred to as discrimination accuracy hereafter). These studies support the existence of offender behavioural consistency and distinctiveness for some offenders, some of the time, in a range of personand property-oriented crimes, including commercial and residential burglary (e.g., Bennell & Jones, 2005; Bouhana et al., 2016) , commercial and personal robbery (Burrell, Bull, & Bond, 2012; Woodhams & Toye, 2007) , arson (e.g., Santtila, Fritzon, & Tamelander, 2004) , rape/sexual assault (e.g., Yokota, Fujita, Watanabe, Yoshimoto, & Wachi, 2007) , homicide (e.g., Melnyk, Bennell, Gauthier, & Gauthier, 2011) , and auto theft (e.g., Tonkin, Grant, & Bond, 2008) .
Within this literature, a common metric that has been used to assess discrimination accuracy is the area under the curve (AUC), which is produced by receiver operating characteristic (ROC) analysis (see Bennell, Jones, & Melnyk, 2009 , for further information on ROC analysis in the context of BCL). The AUC typically ranges from .50 (indicating a chance level of discrimination accuracy) to 1.00 (which indicates that every time a linked crime pair is randomly selected, it is more similar in terms of offender behaviour than a randomly selected unlinked crime pair). Consequently, large AUC values that statistically exceed chance (AUC = .50) indicate that offender behavioural consistency and distinctiveness exist at a level that is sufficient to allow linked crimes to be accurately distinguished from unlinked crimes.
A recent review of the BCL literature using ROC analysis (Bennell, Mugford, Ellingwood, & Woodhams, 2014) suggested that 2% of the AUCs reported fall in the non-informative range (AUC < .50), 29% fall in the low range (AUC = .50-.70), 54% fall in the moderate range (AUC = .70-.90), and 15% fall in the high range (AUC > .90) (Swets, 1988) . One source of variation in discrimination accuracy is the type of crime scene behaviour examined, with researchers suggesting there is a positive correlation between the amount of control an offender has over the behaviour and the subsequent level of consistency that is expressed (e.g., Bennell & Canter, 2002; Bennell & Jones, 2005) . For example, an offender can exercise relatively more control over decisions about where and when to commit crime than she or he can over decisions about what to steal during a burglary, for example, which relies on the situational context and what is available within the property to steal. This might explain why the intercrime distance (ICD) and temporal proximity (TP) 1 often achieve higher AUC values in BCL research than variables such as property stolen. However, it should be noted that these findings might be explained in a number of alternative ways (e.g., it might be that data quality is greater for some behavioural variables than others); the interested reader is referred to Bennell and Jones (2005) for further discussion of these issues.
The above findings, therefore, provide mixed support for the existence of consistency and distinctiveness in offender crime scene behaviour, which further underscores the above discussion suggesting that consistency/distinctiveness does not necessarily apply to all offenders all of the time. Nevertheless, provided appropriate behaviours are relied upon there is evidence demonstrating that linked and unlinked crimes can be distinguished at a level that far exceeds chance, thereby suggesting that sufficient levels of consistency and distinctiveness exist to support BCL. Researchers and practitioners should, however, exercise caution when interpreting these findings for a number of reasons, which will now be discussed.
The limitations of previous BCL research
While it is beyond the scope of this study to provide a comprehensive review of limitations, a few key points relevant to the current study will be noted (see Tonkin, 2014 ; for a more detailed review). The first limitation of note is that there are few replication studies, which limits the extent to which the findings can be used to draw robust and generalizable conclusions that can guide the development of theory and practice. For example, there is only one study testing consistency, distinctiveness, and discrimination accuracy in commercial robbery (Woodhams & Toye, 2007) .
Second, the majority of previous research has focused on testing consistency, distinctiveness, and discrimination accuracy with samples that contain only one type of crime (e.g., series consisting solely of residential burglaries). This is despite the fact that many offenders (particularly the most prolific) are versatile in their offending (Farrington, Snyder, & Finnegan, 1988; Piquero et al., 2007) . For example, Peterson and Braiker (1980) found that 49% of the 624 prison inmates that they interviewed reported engaging in four or more different types of offence during the 3-year period preceding their incarceration, and just 18% reported engaging in only one type of offence during this period. Also, Leitner and Kent (2009) reported that 72.8% of the 3,484 crime series on the Baltimore County Police database contained multiple crime types (e.g., two burglaries, three vehicle thefts, and an arson offence). Existing research does not therefore provide guidance for conducting BCL with series that contain several different types of crime. Fortunately, however, recent research has started to address this issue (Tonkin, Woodhams, Bull, & Bond, 2012; Tonkin, Woodhams, Bull, Bond, & Palmer, 2011) . These studies have demonstrated that simple measures of geographical and temporal behaviour (ICD and TP) are able to achieve moderate-to-high levels of discrimination accuracy when used to distinguish between linked and unlinked crime pairs that contain a range of violent, sexual, and property-related offences (AUCs = .79-.90). These findings have been demonstrated with samples containing both solved and unsolved crimes.
in this area has examined a very narrow range of offender behaviour (geographical and temporal behaviour only), which is problematic because there may be situations where this information may be either unavailable or unreliable. A second limitation is that both previous studies of cross-crime linkage (Tonkin, Woodhams, et al., 2012; Tonkin et al., 2011) were conducted in the same geographical region, which limits the practical and theoretical value of this work. A third limitation of the research by Tonkin et al. (2011) and Tonkin, Woodhams, et al. (2012) was that their data only included two crimes per offender, rather than all of the crimes committed by each offender within the sampling period. Consequently, the data used in these studies did not replicate the real-life investigative context within which BCL would be used (i.e., with data sets that contain an uneven number of offences per offender).
3 If the aim is to develop statistical linkage models that can be applied in practice, it is important that these models are developed on data that replicate reality as closely as possible.
The current study Given the above discussion, the current study sought to extend the BCL literature by examining a large data set of commercial burglaries and robberies. These crime types were chosen for several reasons. First, they pose a considerable problem for police forces around the world (Cowen & Williams, 2012) . There were, for example, 5.5 million crimes against business premises in the UK between 2012 and 2014, with 37% of the businesses surveyed reporting criminal victimization, including 392,000 burglaries and 504,000 robberies (Home Office, 2015) . Beyond the UK, more than a third of European businesses (36.4%) reported becoming a victim of crime over the previous 12 months (Dugato, Favarin, Hideg, & Illyes, 2013 ). With such a high volume of victimization, commercial burglary and robbery inevitably put considerable pressure on police investigative resources. The second reason these crime types were chosen for investigation in the current study is that many offenders commit both commercial burglary and commercial robbery offences (e.g., Wright & Decker, 1997) , which means that methods for behaviourally linking across these crime types would be of value. The third reason these crime types were chosen is that commercial burglary and robbery share a number of offender behaviours, such as property stolen and target selection behaviour, that make it possible to examine cross-crime linkage using modus operandi (MO) behaviours (which has never been done before).
The current study therefore contributes to the literature in three important ways. It presents the first empirical test of whether MO behaviours can be used to support crosscrime linkage. It presents the first empirical test of cross-crime linkage using data that contain an uneven number of offences per offender (which is closer to the real-life investigative context within which BCL would be used). It replicates key findings relating to cross-crime linkage (Tonkin, Woodhams, et al., 2012; Tonkin et al., 2011) , commercial burglary (Bennell & Jones, 2005) , and commercial robbery (Woodhams & Toye, 2007) in a geographical location not previously tested, using one of the largest data sets yet compiled for the purposes of BCL research.
Method
Data All detected commercial burglary and commercial robbery crimes 4 committed between 1 January 2010 and 31 March 2013 were extracted from the crime databases of the Metropolitan Police Service, London, England. From these data, a subsection was selected for analysis, which consisted of 749 commercial burglaries and robberies committed by 214 serial offenders.
5 These data contained all commercial robbery series committed over the study period (n = 84 series, 237 crimes, average series length = 2.82 crimes), all series containing both commercial burglaries and robberies (n = 46 series, 151 crimes, average series length = 3.28 crimes), and 18.96% of the burglary series (n = 84 series, 361 crimes, average series length = 4.30 crimes). 6 For each crime in the data set, information pertaining to 67 dichotomized behavioural variables was used to examine behavioural consistency, distinctiveness, and discrimination accuracy (see Appendix S1). These variables were consistent with those used in previous studies of BCL with commercial burglary and robbery crimes (e.g., Bennell & Canter, 2002; Bennell & Jones, 2005; Woodhams & Toye, 2007) . The final set of variables was arrived at after low frequency variables (occurring in <10% of crimes) had been excluded because these variables are unlikely to be of use when linking the majority of crimes (Santtila et al., 2008) . Moreover, it was necessary to remove any behavioural variables that were not present in both burglaries and robberies (otherwise, it would not have been possible to test consistency, distinctiveness, and discrimination accuracy with cross-crime series). Finally, several variables were removed due to either being too general for use in BCL or not relevant to behavioural analysis (e.g., variables such as 'No further interest'; 'Not known'; 'Not applicable').
In addition to the behavioural variables, the geographical location of the crime (x, y coordinates) and the estimated time of the offence (committed from dates/times and committed to dates/times) were extracted from the crime databases.
As with many previous studies of BCL, the dichotomously coded data were taken directly from the police crime databases. While this increases ecological validity, it does mean that it has not been possible in the current study to examine data quality, including inter-rater reliability, which should be seen as a limitation.
Analytic strategy
A specially designed piece of software that has been utilized in numerous studies of BCL (e.g., Bennell & Canter, 2002; Bennell & Jones, 2005 ) was used to create all possible linked and unlinked crime pairs from the above data. These crime pairs were then split into those pairs that contained one commercial burglary and one commercial robbery (the crosscrime pairs, n = 183 linked, 131,977 unlinked), those pairs that contained two burglaries (the burglary pairs, n = 1,732 linked, 98,396 unlinked), and those pairs that contained two robberies (the robbery pairs, n = 316 linked, 43,049 unlinked).
Three measures of behavioural similarity were calculated for each crime pair: (1) the straight-line kilometre distance between the two crimes in each pair (the ICD); (2) the number of days between the two crimes in each pair (based on the mid-point of the committed from/committed to dates; TP); and (3) Jaccard's coefficient, which is a statistical measure of how similar two crimes are behaviourally (which was calculated based on the 67 dichotomous MO variables mentioned previously).
The assumption underpinning these three measures of similarity was that crimes committed by the same serial offender (i.e., linked crime pairs) would be more similar in terms of MO behaviour and closer together geographically and temporally than crimes committed by different serial offenders (i.e., unlinked crime pairs). This finding would suggest that behavioural consistency and distinctiveness exist to some degree in offender crime scene behaviour.
To test whether the assumptions of consistency and distinctiveness hold within these data and whether linked crimes could be accurately distinguished from unlinked crimes, three separate analyses were performed. First, Mann-Whitney U-tests 7 were conducted to statistically compare the linked crime pairs with the unlinked crime pairs in terms of ICD, TP, and Jaccard's coefficient (separate analyses were performed to compare linked vs. unlinked cross-crime pairs, linked vs. unlinked burglary pairs, and linked vs. unlinked robbery pairs; Bonferroni-corrected a = .006). These analyses allowed us to examine how consistency and distinctiveness varied across different types of offender crime scene behaviour (geographical, temporal, and MO) and how they varied across different types of offence series (burglary, robbery, and cross-crime).
In the second phase of the analysis, a series of binary logistic regression analyses were conducted using a leave-one-out (LOO) classification. In these analyses, the dependent variable was linkage status (1 = linked crime pair; 0 = unlinked crime pair) and the independent variables were ICD, TP, and Jaccard's values indicating similarity in MO behaviour. A separate logistic regression was conducted for each of the three independent variables at each level of analysis (cross-crime pairs, burglary pairs, and robbery pairs), thereby producing a total of nine simple regressions. These analyses indicated how successfully ICD, TP, and MO similarity could distinguish between linked and unlinked crime pairs (when used on their own, not in combination). In addition, three stepwise regression analyses were conducted using the forward likelihood ratio method (one regression for each level of analysis), which indicated whether superior discrimination accuracy could be achieved by combining the three measures of behavioural similarity.
The LOO classification procedure involved removing each crime pair from the sample one at a time, and the remaining data were then used to develop a logistic regression model, which was subsequently applied to the extracted pair to produce a predicted probability value (ranging from 0, indicating a low predicted probability of the crime pair being linked, to 1.00, indicating a high predicted probability of the pair being linked). This 7 Ideally, a dependent-measures statistic would have been used because the process of creating all pairwise linked and unlinked crime pairs from the data meant that each crime appeared in multiple crime pairs. Consequently, the linked and unlinked crime pairs cannot be considered statistically independent. However, the nonparametric dependent-measures statistic, Wilcoxon signed-rank test, does not allow for unequal sample sizes across the two comparison groups, thereby meaning that the independent-measures Mann-Whitney test had to be utilized. The violation of independence that this necessarily causes should be borne in mind when interpreting this section of the findings. Nevertheless, this violation of the statistical assumptions is not substantial given that the subsequent ROC analyses were uninfluenced by this issue. It should also be noted that a nonparametric statistic was appropriate given the non-normally distributed data (as indicated by statistically significant Kolmogorov-Smirnov tests, p < .001, large skewness values, and large kurtosis values).
pair was then returned to the data set, and the procedure repeated with the next pair until a probability value had been calculated for all linked and unlinked crime pairs in the sample (Woodhams & Labuschagne, 2012) .
The third phase of the analysis involved using these predicted probability values to construct ROC curves. Twelve separate ROC curves were constructed, corresponding to the nine simple and three stepwise regression analyses described above. These ROC curves provided an insight into how successfully the three measures of behavioural similarity (ICD, TP, and MO similarity) were able to distinguish between linked and unlinked crime pairs.
Results

Statistical comparison of linked and unlinked crime pairs
The Mann-Whitney U-tests reported in Table 1 indicate that linked crime pairs had statistically larger (p < .001) Jaccard's values and shorter ICD and TP values than unlinked crime pairs, which was a finding that existed across all three levels of analysis (i.e., with the cross-crime pairs, with the burglary pairs, and with the robbery pairs). Overall, these findings suggest that consistency and distinctiveness exist at a level that exceeds chance in all three types of offender crime scene behaviour and at all three levels of analysis. Consequently, it should be possible to distinguish with some accuracy between linked and unlinked crime pairs using behavioural similarity.
Binary logistic regression analysis
To further investigate behavioural consistency, distinctiveness, and discrimination accuracy with these data, a series of simple and stepwise binary logistic regression analyses were conducted using a LOO classification method (see Table 2 ). All regression models were statistically significant (p < .001), which indicates a degree of success when attempting to distinguish between linked and unlinked burglary, robbery, and cross-crime pairs using ICD, TP, and similarity in MO behaviour. These findings further support the notion that consistency and distinctiveness exist in offender crime scene behaviour at a level that exceeds chance.
When the three measures of behavioural similarity are compared, it is clear that the greatest consistency, distinctiveness, and discrimination accuracy were achieved by the ICD, followed by the TP and then similarity in MO behaviour (as indicated by the model v 2 and R 2 values). However, the highest levels of consistency, distinctiveness, and discrimination accuracy were achieved when combining the three measures of similarity into stepwise models, with each predictor making a statistically significant and unique contribution to predictive accuracy. Hence, the stepwise models achieved larger model v 2 and R 2 values than the single-factor regression models, with these findings applying to cross-crime, burglary, and robbery pairs.
ROC analysis
To further test consistency, distinctiveness, and discrimination accuracy, ROC curves were constructed using the predicted probability values produced as a result of the regression analyses (see Table 3 and Appendix S2). From Table 3 , it is clear that all 12 regression models were able to distinguish between linked and unlinked crime pairs to a Crime linkage with burglaries and robberies 107 statistically significant degree (p < .001), which further suggests that relative consistency and distinctiveness exist in offender crime scene behaviour. When comparing the different types of offender crime scene behaviour, ICD and TP demonstrate statistically higher levels of consistency, distinctiveness, and discrimination accuracy than MO behaviours, as indicated by the non-overlapping AUC confidence intervals (Knezevic, 2008) . However, the highest levels of consistency, distinctiveness, and discrimination accuracy were achieved when combining the three measures of behavioural similarity, with the stepwise models achieving high AUC values (AUCs > .90; Swets, 1988 ) that were statistically larger than those for the single-factor regression models. These findings apply to cross-crime, burglary, and robbery pairs.
Discussion
The above findings indicate that the serial offenders in this sample displayed a sufficient degree of consistency and distinctiveness to allow linked and unlinked crimes to be distinguished at a level that far exceeds chance. Importantly, these findings applied to all three types of offender behaviour examined in this study (ICD, TP, and MO similarity) and to all three levels of analysis (cross-crime, burglary, and robbery). Consequently, there is evidence to support the use of BCL in practice and the current study provides statistical formulae that might be used to facilitate this process (as discussed below).
There are, however, important differences in the level of consistency, distinctiveness, and discrimination accuracy observed in this study as a function of the type of offender behaviour and the type of offence examined. In terms of the former, offender geographical and temporal behaviour (the ICD and TP, respectively) demonstrated Note. AUC = area under the curve; ICD = intercrime distance; MO = modus operandi; TP = temporal proximity. *p < .001.
greater consistency, distinctiveness, and discrimination accuracy than MO behaviours. These findings are consistent with previous research on commercial burglary, residential burglary, and auto theft (e.g., Bennell & Jones, 2005; Bouhana et al., 2016; Goodwill & Alison, 2006; Tonkin et al., 2008) . A variety of explanations have been proposed for this superior performance (see Bennell & Jones, 2005) , including that an offender can exert greater control over decisions about where and when to commit a crime than she or he can over decisions about what to steal, whether violence is used, etc., which depend to some extent on situational characteristics at the crime scene. An alternative explanation for the findings is that geographical and temporal information is more easily and objectively recorded than some MO behaviours, such as whether a property was searched in a tidy or untidy manner (which is a subjective judgment) and what property was stolen (which depends on what a victim is willing and able to report as stolen). The ease of recording information would inevitably impact on data quality, with lower data quality making it more difficult to detect meaningful patterns of consistency, distinctiveness, and discrimination accuracy. Thus, the larger AUC values for ICD and TP compared with MO behaviours may simply be a result of differences in data quality, rather than necessarily due to inherent differences in the consistency and/or distinctiveness of offender behaviour. In addition to type of crime scene behaviour, there was also variation as a function of crime type. More specifically, the level of consistency, distinctiveness, and discrimination accuracy for MO behaviours was greater amongst robbery crime pairs (AUC = .82) than either burglary (AUC = .66) or cross-crime pairs (AUC = .63). This finding replicates the previous work of Woodhams and Toye (2007) , who reported high levels of discrimination accuracy using MO behaviours that were far greater than those achieved in other propertyoriented crimes, such as burglary and car theft (e.g., Bennell & Canter, 2002; Bennell & Jones, 2005; Tonkin et al., 2008) . One potential explanation for these findings lies in data quality, which necessarily impacts on the ability to identify meaningful patterns of behavioural consistency, distinctiveness, and discrimination accuracy. Given that robbery necessarily involves at least one witness, whereas burglary does not, it is possible that the police would hold a more accurate record of an offender's behaviour in robbery compared to burglary crimes.
In contrast, the AUC values for ICD and TP were somewhat comparable across burglary, robbery, and cross-crime pairs, which suggests that these measures offer similar potential for behavioural linking regardless of crime type (except TP with burglary pairs, which achieved a lower AUC compared to robbery and cross-crime pairs).
Having considered the main findings and some potential explanations for these findings, the theoretical and practical implications will now be briefly explored. Perhaps the most striking finding from this study is that statistically significant AUC values were observed for the cross-crime pairs, which indicates that offenders demonstrate a degree of consistency in their crime scene behaviour, even when engaging in two very different offending behaviours (e.g., the presence of at least one victim, and sometimes multiple victims, in robbery but not burglary creates a number of very different considerations for an offender). While surprising, this finding is logical when considered in the light of the personality literature, which suggests that behavioural consistency should be expected, even across seemingly very different situations, provided the actor perceives these situations as psychologically similar (e.g., Furr & Funder, 2004; Sherman, Nave, & Funder, 2010) . The literature on offender decision-making has demonstrated that burglary and robbery offenders are often motivated by the same need (i.e., to gain quick and easy money), and these crime types are often discussed and used interchangeably by offenders (e.g., Bennett & Wright, 1984; Wright & Decker, 1994 , 1997 . It is therefore logical to predict that burglary and robbery might be perceived in a similar way psychologically by offenders, which would help to explain the consistency observed in the current study for cross-crime pairs.
In this study, the ICD achieved the highest discrimination accuracy of all three measures, and this accuracy was comparable across all three levels of analysis. These findings lend support to several seminal theories of offender behaviour (such as rational choice theory, routine activities theory, and crime pattern theory), which suggests that offenders seek to minimize the efforts and risks involved in offending (e.g., by returning to geographical locations that are familiar to them). Moreover, they suggest that similar psychological processes are involved in the production of criminal spatial behaviour, irrespective of crime type, which is exactly what one would predict from seminal theories such as crime pattern theory and rational choice theory (Brantingham & Brantingham, 1981 Clarke & Felson, 1993) . These findings also lend support to the notion that the near-repeat phenomenon can be explained by the same offender returning to that geographical area to commit further crimes (Bernasco, 2008) .
It is also worth noting the low Jaccard's values reported in Table 1 for linked crime pairs, which are substantially below the maximum value of 1.00. It has been recognized for some time by researchers of BCL (e.g., Bennell et al., 2009 ) that high levels of discrimination accuracy do not rely on high absolute levels of behavioural consistency. Rather, provided that linked crimes are more behaviourally similar than unlinked crimes, large AUC values can still be achieved. Put another way, the distribution of similarity scores for linked crime pairs should not overlap substantially with the distribution of similarity scores for unlinked crime pairs. Thus, it is relative behavioural consistency rather than absolute behavioural consistency that is necessary for BCL. The statistically significant regression models and AUC values observed in this study, alongside the somewhat low Jaccard's values reported in Table 1 , serve to illustrate this point. It is important that researchers and practitioners continue to recognize this fact because conclusions regarding the practical value of BCL should not be based on an assessment of absolute levels of behavioural consistency.
In terms of the practical implications of this study, the findings suggest that there is significant potential for BCL using geographical, temporal, and MO behaviour. This is reassuring given the already extensive use of this procedure by law enforcement agencies around the world (e.g., Labuschagne, 2012; Snook, Luther, House, Bennell, & Taylor, 2012; Yokota et al., 2007) . Importantly, this study suggests that BCL can function not just within a single crime type (burglary or robbery) but that it is possible to use offender crime scene behaviour to identify linked crime series containing multiple crime types. Given that the most prolific offenders are typically the most versatile (e.g., Piquero et al., 2007) , this study provides an important step towards improved methods for investigating those offenders that commit a disproportionate amount of crime and impose considerable costs on society.
In future, it may be possible to develop a decision-support BCL tool based on these findings, which would analyse large crime databases in a quick and efficient manner, using a combination of geographical, temporal, and MO information to create a prioritized list of potentially linked crimes for further investigation by an analyst. This would help to tackle one of the fundamental challenges faced when conducting BCL in practice, which is the vast amount of information that must be processed that inevitably makes manual searching of large databases impractical and associated with a high risk of analytical error.
Given staff cuts and the rapidly reducing resources available to the police, such tools may be a valuable asset to analysts involved in BCL.
Before such systems can be implemented in practice, however, a significant amount of testing would be required and the existing limitations of research must be addressed. The primary limitation of this study is that the analyses relied on detected crimes and did not include non-serial offences, which does not reflect the data with which BCL would be used in practice. While research has suggested that these issues may not impact on findings as much as anticipated (Tonkin, Santtila, & Bull, 2012; Tonkin, Woodhams, et al., 2012) , future research must endeavour to continue testing BCL using unsolved and nonserial offences.
A further potential limitation is that the data utilized in this study were taken directly from police crime databases. While this is a strength because it is important to test the principles of BCL with real-world data, there is necessarily a compromise in terms of a lack of experimental control (e.g., not being able to test the inter-rater reliability of the data). Thus, there may be a number of unidentified and uncontrollable inaccuracies within the data that impact on the degree of consistency, distinctiveness, and discrimination accuracy observed in the current study.
Finally, a note of caution is needed regarding high AUCs in BCL research. Often, as was the case in the current study, researchers choose to generate all possible linked and unlinked crime pairs from a given data set because this better reflects the investigative reality in which BCL is expected to perform. This naturally means that there are many more unlinked than linked crime pairs tested (i.e., the base rate prevalence is low). In such situations, large AUCs can still be associated with a large number of false-positive errors (see Streiner, 2003 , for further discussion). This is an important consideration for those who may seek to use the findings of BCL research to develop and apply decision-support tools in practice.
It is therefore important that future research should seek to develop and test BCL decision-support tools in experimental scenarios and in practice with ongoing criminal investigations. This is vital because, while it is important to test the principles of consistency and distinctiveness, there are many other -equally important -practical issues (such as the availability of resources and the usability of linkage tools) that are not tested by studies using the methodology adopted in this study. Unless these issues are explored, we will never truly know whether the BCL literature can contribute to more reliable, accurate, and cost-effective methods of linking crime.
